The hypothesis that folding robustness is the primary determinant of the evolution rate of proteins is explored using a coarse-grained off-lattice model. The simplicity of the model allows rapid computation of the folding probability of a sequence to any folded conformation. For each robust folder, the network of sequences that share its native structure is identified. The fitness of a sequence is postulated to be a simple function of the number of misfolded molecules that have to be produced to reach a characteristic protein abundance. After fixation probabilities of mutants are computed under a simple population dynamics model, a Markov chain on the fold network is constructed, and the fold-averaged evolution rate is computed. The distribution of the logarithm of the evolution rates across distinct networks exhibits a peak with a long tail on the low rate side and resembles the universal empirical distribution of the evolutionary rates more closely than either distribution resembles the log-normal distribution. The results suggest that the universal distribution of the evolutionary rates of protein-coding genes is a direct consequence of the basic physics of protein folding.
The hypothesis that folding robustness is the primary determinant of the evolution rate of proteins is explored using a coarse-grained off-lattice model. The simplicity of the model allows rapid computation of the folding probability of a sequence to any folded conformation. For each robust folder, the network of sequences that share its native structure is identified. The fitness of a sequence is postulated to be a simple function of the number of misfolded molecules that have to be produced to reach a characteristic protein abundance. After fixation probabilities of mutants are computed under a simple population dynamics model, a Markov chain on the fold network is constructed, and the fold-averaged evolution rate is computed. The distribution of the logarithm of the evolution rates across distinct networks exhibits a peak with a long tail on the low rate side and resembles the universal empirical distribution of the evolutionary rates more closely than either distribution resembles the log-normal distribution. The results suggest that the universal distribution of the evolutionary rates of protein-coding genes is a direct consequence of the basic physics of protein folding.
correct folding probability | evolutionary rate distribution | off-lattice models | common structure networks | network average evolution rate E ach protein-coding gene evolves at a characteristic rate (molecular clock), although the clock is substantially overdispersed (1, 2) . However, evolutionary rates (ER) across the entire set of protein-coding genes in an evolving organismal lineage span 3 to 4 orders of magnitude (1) . Strikingly, the shape of the ER distribution across the sets of orthologous genes remains nearly the same (approximately log-normal) across the entire diversity of cellular life forms, from bacteria and archaea to mammals (3, 4) .
The identification of the features of proteins that determine their characteristic ER and the factors behind the universality of the ER distribution is a major unsolved problem in evolutionary biology. For approximately 40 years after the broad variability of ER was discovered, it was generally assumed that the ER depends on some combination of the specific functional constraints affecting a protein and its general importance for the survival of the respective organism (5, 6) . As intuitively appealing as it might be, this "functional hypothesis" seems to be poorly compatible with the results of genome-wide studies on correlates of the ER. Indeed, there is very little correlation between functional characteristics of genes or their biologic importance, measured through the knockout effect, and the ER (7) (8) (9) (10) . In contrast, gene expression level and protein abundance, characteristics that do not seem to be directly related to the specific functions or biologic importance of a gene, show a consistent and strong negative correlation with the ER (11) (12) (13) (14) (15) . These findings prompted the development of the mistranslation-induced misfolding (MIM) hypothesis, according to which mRNA translation incurs a cost proportional to the number of misfolded protein molecules, which are not only a waste but are often toxic to the cell (15, 16) . The cost is particularly high for the most abundant proteins, hence strong selection for folding robustness is deemed to be the primary determinant of the ER (13-15).
The universality of the ER distribution of protein-coding genes, together with the equally universal negative correlation between ER and protein abundance, suggest a purely mechanistic (devoid of references to function) and fundamental (common to all proteins in all life forms) explanation of the source of the ER variability. Here, we explore the implications of the idea that folding robustness is the sole determinant of proteins fitness, for the ER distribution in the context of simple yet diverse sequence and structure spaces derived from a simple offlattice folding model. Many important results on protein folding (17) (18) (19) and evolution (20, 21) have been obtained using coarsegrained lattice and off-lattice models of proteins. Off-lattice models manifest a higher level of complexity and are therefore more appropriate for the study of protein evolution (22) (23) (24) (25) (26) (27) (28) (29) .
Here we show that, under the robustness-rate assumption, our model closely reproduces the empirically observed ER distribution as well as the relationship between the ER and translation rate. The results suggest that the universal ER distribution is a direct consequence of fundamental principles of protein folding.
Results and Discussion
Rationale and Outline. Our goal is to compute the ER with as few assumptions as possible. We postulate that a protein's fitness is a linear function of the number of misfolded copies produced to reach a required abundance. To exploit this idea, it is necessary to compute the probability that a given sequence folds to a particular structure and to construct a network of sequences that can fold to this structure (30, 31) . The fitness of each sequence in the network is derived from its folding robustness, so the theory of population dynamics (32, 33) can be used to assign transition rates (fixation probabilities) among the members of the network connected by point substitutions. The transition rates can be used to compute the instantaneous ER of the network members as well as the steady-state, network-averaged ER.
The key aspect of this approach is the computation of the correct folding probability (CFP) for an arbitrary sequence. We constructed a simple model in which the CFP could be computed efficiently. We do not aim at a truly realistic representation of proteins but seek to create sufficiently rich and diverse sequence and structure spaces in the hope that the precise architecture of these spaces is not critical for the qualitative features of the ER distribution.
Folding Model and CFP. To compute folding probabilities, we chose a coarse-grained off-lattice model in which the protein is represented by a flexible chain with pairwise interactions between Author contributions: A.E.L., Y.I.W., and E.V.K. designed research; A.E.L. performed research; A.E.L., Y.I.W., and E.V.K. analyzed data; and A.E.L. and E.V.K. wrote the paper.
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This article contains supporting information online at www.pnas.org/cgi/content/full/ 0910445107/DCSupplemental. monomers (34, 35) . Clementi et al. (24) explored interaction potentials and designed sequences for reaching a known native state. Alm and Baker (36) found that folding mechanisms are relatively insensitive to the details of the model. This conclusion is further supported by the studies of the folding funnel (37) (38) (39) . Simplified models have elucidated a wide range of phenomena from the fundamental aspects of protein folding, such as the shape of protein folding landscapes, the nature of the transition state ensemble (39) (40) (41) , and the importance of "gatekeeper" residues for misfolding and aggregation (42) , to the folding mechanism of a large multidomain protein with complex topology (43) .
Model sequences consist of four monomer types: hydrophobic (H), polar (P), positively charged (+) and negatively charged (−). Each monomer represents a run several amino acids long corresponding to the persistence length of the protein. Therefore, the angles between successive bonds are unrestricted, and there is no bending rigidity. Steric repulsion and entropic effects within the region described by our coarse-grained monomers are modeled via a spring between pairs of nearest neighbor monomers of rest length a and spring constant proportional to temperature. Next nearest neighbors and beyond interact via a pairwise potential U ij , which consists of a soft-core repulsion (to model excluded volume interactions), a long-range attraction or repulsion when appropriate, and a screened Coulomb interaction between charged monomers:
where r ij is the distance between monomers i and j, q i is the monomer's charge, and D is the Debye-Hückel screening length. Coefficients A ij and C ij , which set the strength of the soft-core repulsion and the long-range attraction or repulsion, respectively, are selected separately for all 10 pair types. To emulate the effects of solvent, we assign a stronger attraction to HH pairs than to pairs that involve a P, +, or −. The precise choices of parameters make little difference in the statistics of the ER (see SI Materials and Methods for details). The dynamics of the flexible chain are implemented via a Brownian dynamics method, which is appropriate when inertial and hydrodynamic effects can be neglected (44) . The native structure of a sequence and its CFP are computed starting with an ensemble of high-temperature configurations and rapidly quenching each unfolded configuration to a temperature below the folding transition. The resulting folded configuration is held at the low temperature to exclude the possibility of a low barrier and then quenched to zero temperature to find the exact energy minimum and the corresponding structure.
The folded structures are compared using a 3D alignment, with rotations and reflections taken into account. When an alignment score is smaller than a certain threshold (see Materials and Methods for details), the two structures are considered identical. The folded configuration that is attained most often is taken as the native structure of a sequence. Its CFP is the fraction of the unfolded configurations that fold to the native structure.
This procedure for finding the native structure does not conform to Anfinsen's hypothesis (45) , according to which the native structure is the global minimum of free energy. Instead, the native structure is selected via a rapid quench procedure that finds the folded state with the largest basin of attraction in configuration space (46) . The kinetically selected native state must be separated by an energy barrier from the rest of the configuration space to prevent spontaneous structural transitions during the quench. The justification of the rapid quench selection of the native state is 2-fold. First, this method is computationally feasible in an offlattice model whereby the native structure is not known a priori. Second, rapid protein folding is possible only when the folded state can be reached kinetically from a wide range of starting configurations. The presence of a barrier is also required for a reasonable lifetime of the folded state. Although, under kinetic control, sequence-structure combinations might evolve toward greater stability (47) , the native state is not required to be the global energy minimum for the rapid folding and the reasonable lifetime conditions to be met. We explore the violation of the Anfinsen conjecture in SI Materials and Methods.
Robust Folders. Equipped with a method to compute native structures and the CFP, we explored the distribution of CFPs among all sequences of length N. The end monomers are fixed to be of the + and − types to model, respectively, the charged Nand C-termini of proteins, thus leaving N − 2 changeable monomers. When N is small enough, an exhaustive sampling of the sequence space is possible. Fig. 1 shows the distribution of the logarithmic ratio of the probability CFP of reaching the native state and the misfolding probability 1 − CFP. If the polymer were in thermal equilibrium, this ratio would be proportional to the free energy of folding ΔG fold . In our case, it is merely a convenient way of plotting the distribution of CFPs. The features of the distribution depend weakly on the details of the folding model, such as the number of monomer types, length of the chain, and the range of repulsive interactions. In the remainder of this work we use parameters that yield more robust folders. As we demonstrate in SI Materials and Methods, this selection does not seem to affect the distribution of ER qualitatively. For the chosen folding model (HP+− with long-range repulsion), the total number of robust folders (sequences with CFP >0.8) does not seem to decline with N. Because for N > 12, exhaustive sampling is not feasible, we find robust folders using a simulated annealing search (ref. 48 
and references therein) (see Materials and Methods for details).
Common Structure Networks. To construct common structure networks of sequences connected by point substitutions (30), we start with a robust folder and examine all sequences that differ by a single substitution. If the mutant has a probability >0.2 of folding to the same structure it is added to the network, and its mutants are examined in turn. This process is repeated until all sequences that fold with probability >0.2 to the original structure are found. It turns out that some robust folders and even some unconnected networks share the same structure. Table 1 summarizes the diversity of robust folders, their structures, and Fig. 1 . Distribution (probability density function) of the logarithmic ratio of the probability of a sequence to fold into the native structure and the probability to fold to an alternative structure. See SI Materials and Methods for the values of parameters used to compute these distributions. associated networks. The decline with N of the number of robust folders with distinct native structures can be attributed to the increasing size of the sequence space. SI Materials and Methods indicates that small networks may be missing from our N = 18 sample. Not surprisingly, it is more difficult to find a small network with the simulated annealing search. The statistics of the architecture of the common structure networks of robust folders are given in the SI Materials and Methods.
Misfolding and Fitness. A number of protein fitness criteria have been proposed: thermodynamic stability (49-51), foldability (52), folding rate (53), exposure of functional residues (54) , and the strength of ligand binding (55) . In contrast, we select the folding robustness as the primary determinant of fitness. Because the fitness of an organism is a function of the total number of misfolded protein molecules (of all expressed proteins), the impact of a single protein's expression on the organism's fitness varies linearly with the number of misfolded copies of this particular protein. Let Q be the misfolding probability in a single translation and folding event. Then the average number M of misfolded copies produced to reach an abundance level A of correctly folded protein molecules is M = AQ/(1 − Q). We postulate that the fitness of a protein is:
We set k = 1 without loss of generality. A different k is equivalent to rescaling the abundance level by a constant factor. Different relationships between w and M do not affect the ER distribution qualitatively (see SI Materials and Methods for details). There are two misfolding pathways (16): first, a correctly translated protein can misfold, and second, the protein can be mistranslated and the mistranslated sequences can misfold with the probability that depends on the type and position of the misincorporated monomer(s). Here we assume that there is a fixed per-monomer mistranslation probability r and that all mistranslations are equally likely. The misfolding probability due to mistranslation is then the sum over all possible mistranslation events of the product of the mistranslation event probability and the misfolding probability of the mistranslated sequence. When r is small, misfolding of the correctly translated sequence is the dominant source of misfolding; conversely, when r is large, misfolding of mistranslated sequences dominates. Therefore, for each sequence, there exists a characteristic per-monomer mistranslation probability R eq for which the contributions of the two sources of misfolding probability are equal. The distribution of R eq for our model (presented in SI Materials and Methods) peaks at r ≈ 0.015. We chose a range of r values centered on 0.015 so that both the case when misfolding of the correctly translated sequences dominates and the opposite situation when mistranslation-induced misfolding is most important are covered. SI Materials and Methods presents evidence that the composition of the pool of misfolded proteins does not qualitatively affect the ER distribution. Results. We assume that evolution proceeds by fixation attempts of random point substitutions (other types of mutations such as insertions, deletions, and recombinations are ignored). Mutations between the network members can be fixed, whereas mutations that take the sequence out of the network are eliminated. Fixation probabilities are assigned using the theory of population dynamics. When the mutation rate is small so that at most a single mutant is present in a population of effective size N e , the fixation probability of a sequence j that arises in the sea of i is (1)
1 − e − 4Nes ; [3] where s = w j − w i . Note that this formulation is equivalent to the one used by Wilke and Drummond (56) . Evolution is a Markov process on the common structure network governed by the transition probabilities between the network members. Two measures of the ER can be defined. Instantaneous ER, defined for each sequence in the network is the probability that a random substitution in that sequence is accepted. Instantaneous ER varies substantially across the network. Fold-averaged ER is the average of the instantaneous ER over all sequences in the network weighted by the probability of finding each sequence in the stationary ensemble. Fold-averaged ER is equivalent to the long time average of the instantaneous ER and accordingly is a more robust measure of the characteristic rate of evolution of a given fold. The stationary distribution of the Markov process is found from the left eigenvector of the transition probability matrix with unit eigenvalue (57) . Other foldaveraged properties, such as the fold-averaged CFP, can be computed in a similar fashion.
Because fitness is proportional to the required abundance A, it serves as the evolutionary pressure. When A is so small that the typical fitness gap between sequences is smaller than the inverse effective population size, the representation of each sequence in the stationary ensemble is determined solely by the topology of the network (30), with highly connected sequences having higher representation. In the limit of large A, only the fittest sequence (one with the highest CFP) will have an appreciable representation in the stationary ensemble and therefore will determine the fold-averaged ER and fold-averaged CFP.
A typical distribution of the fold-averaged ER across distinct networks with more than two members is shown in Fig. 2 . The distribution of the logarithm of the ER has an asymmetric peak and a long tail on the low ER side. As we show in SI Materials and Methods, the location of the peak scales as the fixation probability of a neutral mutation. Thus, in contrast to the mean and the median of the distribution, which scale linearly with N e (cf. Fig. 5 ), the location of the peak depends on log N e .
Comparisons of the model ER distribution with the empirical distributions of ER of proteins of diverse organisms using a quantile-quantile plot (Fig. 3) and a normal probability plot (Fig. 4) reveal a remarkable similarity in the shapes of the distributions. The model and the empirical distributions similarly deviate from the lognormal distribution (all are convex upward in the middle third of the distribution in Fig. 4 ), the only appreciable difference being the somewhat sparser populated tails at low and high ER for the model distribution, a difference that should be expected given the smaller number of model data points.
Dependence of the ER Distribution on Protein Abundance, Mistranslation Rate, and Population Size. In the present model, protein abundance A, per-monomer mistranslation rate r, and effective population size N e must be specified to compute fixation probabilities and therefore the fold-averaged ER. The effect of these parameters on the ER distribution can be examined by plotting the mean and median of the distribution against the parameter values (Fig. 5) . Because the exponent in the denominator of the fixation probability (3) contains the product AN e , the shape of the ER distribution depends weakly on A and N e separately when their product is held fixed. The Pearson's skewness Sk is an indicator of the relative contributions of the peak and the tail of the distribution. Sk = 0 for a normal distribution, and as the low ER tail becomes heavier, Sk decreases. An increase in protein abundance leads to a decrease of the mean ER and an increase of the weight of the tail (Fig. 5 ). This behavior is in qualitative agreement with the universally observed anticorrelation between protein abundance (expression level) and ER (11, 12, 15, 58) . The increase in N e has a similar effect on the ER distribution, underscoring the observed proportionality between N e and the intensity of purifying selection (33) . The effect of changing the mistranslation probability is more subtle. For relatively high r values, for which mistranslation is the dominant source of misfolding, the mean and median of ER decrease. The magnitude of the skewness, on the other hand, increases for small r (Fig. 5) . Conceivably, increasing r imposes stronger demands on the CFP of variant sequences and hence leads to a decrease of the fold-averaged ER.
Conclusions. The universal ER distribution across sets of orthologous protein-coding genes from all forms of cellular life and the equally ubiquitous anticorrelation between protein abundance and ER suggest that protein evolution might be largely governed by simple physical principles rather than function-specific adaptive processes. Here we investigate this possibility using a simple yet flexible model of protein folding together with the assumption that protein misfolding rate is the primary determinant of fitness. This assumption is at the core of the MIM hypothesis (15, 59) and is plausible given the stronger correlation between ER and protein abundance compared with other correlations between evolutionary and phenomic variables (8, 14) and the partial homogenization of ER values for domains fused in multidomain proteins (59). The ER distribution derived from the model closely resembles the empirically observed universal distribution. The negative correlation between ER and protein abundance is reproduced as well. Given the stochastic rather than deterministic nature of the simulated folding in the present model, these results do not seem to be trivial consequences of the misfolding-fitness assumption. The model used is simple enough to be tractable but seems to be sufficiently rich to mimic the major forces that govern protein folding. Therefore the results suggest that the course of protein evolution is determined primarily by the fundamental principles of protein folding, which are the same across all life forms, hence the universal shape of the ER distribution and the anticorrelation between ER and protein abundance. Under this view, protein evolution is constrained by purifying selection against misfolding-inducing mutations but is much less dependent on selection for specific functions.
Materials and Methods
Calculation of the Native State. The energy of the chain is
where the first term is the sum of the energies in Eq. 1 over nonnearest neighbor pairs, and the second term reflects the springs connecting nearest neighbors. The spring constant is proportional to temperature T. The folding kinetics of the chain are simulated via the Brownian dynamics algorithm. Units are chosen so that each component α of the i'th monomer's coordinates x αi is updated according to
where W αi (t) is a random variable with zero mean, variance 2Δt, and uncorrelated with W for other times, monomers, and directions (60) . A large number (usually 3,000) of uncorrelated configurations is selected from the high T ensemble. Each unfolded configuration is quenched below the folding transition and held at that temperature to ensure that the folded configuration is surrounded by an energy barrier. Then, the exact minimum of the total energy and the corresponding 3D chain configuration are found using a conjugate gradient energy minimization algorithm.
To compare two folded configurations a mutual alignment score is computed as follows. After superimposing the centers of mass of the two configurations, the minimum of the sum of the squared distance between pairs of nearest neighbor monomers is computed over all possible mutual rotations and reflections. When folded structures of the same sequence are compared, the nearest neighbor monomers must be of the same type. This restriction is relaxed when comparing mutants. When the alignment score is below 0.1a 2 , the structures are considered identical. After classifying all folded configurations the native structure of a sequence is identified as the configuration most often attained by the quenching procedure. The CFP is the fraction of the high-temperature configurations that fold to the native structure.
When exhaustive sampling of the sequence space is computationally unfeasible, robust folders (CFP >0.8) are identified using a simulated annealing algorithm. Starting with a random sequence, mutations are chosen at random from a set of all possible substitutions and insertion-deletion pairs. A mutation is accepted when it increases the CFP. If ΔCFP <0 the mutation is accepted with a probability exp(ΔCFP/annealing temperature). By tweaking the starting and ending annealing temperature, cooling algorithm, and the number of attempted mutations, an appreciable fraction of robust folders can be identified. We confirmed that all robust folders are found by the simulated annealing search for N = 12 when they can be independently identified via exhaustive sampling of the sequence space. Robust folders presented in Table 1 were found using the following parameter values: a = 1, b = 50, and charge q ± = ±2. We used two sets of Lennard-Jones parameters and the Debye-Hückel screening length for comparing the effect of the long-range repulsion on the ER distribution. The values of the parameters are listed in Table S1, Table S2, and Table S3 .
Identification of Orthologs and Estimation of Evolutionary Distances. Putative orthologs were identified as bidirectional best hits in an all-against-all BLASTP comparison of the protein sequences encoded in the respective pairs of genomes (61) . Protein sequences of orthologs were aligned using MUSCLE (62) . Maximum likelihood estimates of the amino acid distances between the aligned sequences of orthologous proteins were calculated using the PROTDIST program of the PHYLIP package (63) with the Jones-TaylorThornton evolutionary model (64) and gamma-distributed site rates with shape parameter 1.0. The distributions of the ER among orthologous genes were normalized by computing the geometric mean of all rates and dividing the original rates by this mean value, thus bringing the geometric mean of the normalized distribution to 1.
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Lobkovsky et al. 10 .1073/pnas.0910445107 SI Materials and Methods Selection of the Native Structure. The proteins native structure is assumed to be the global minimum of the free energy in lattice models and in studies that design off-lattice potentials. The multidimensional rugged energy landscape makes the search for the global minimum computationally unfeasible in all but the simplest models. We opted for a rapid quench procedure for finding the native structure. We can quantify how often the kinetically selected native state also happens to be the global minimum of the energy. As shown in Fig. S1 , the Anfinsens conjecture, which stipulates that the native state is the global energy minimum, holds for roughly a quarter of all robust folders. In contrast, the native structure of another quarter of robustly folding sequences is almost the highest in energy among the possible folded configurations. The effect of a longer quench on the CFP depends on whether the kinetically selected native state is the global minimum and, if not, on the height of the energy barrier that separates the kinetically selected native structure from the rest of the configurations. Fig. S2 confirms that for longer quenches, the lowest energy state is found more frequently, and thus the Anfinsens conjecture will hold for more sequences. Enforcing the Anfinsens conjecture in our simulations is neither feasible computationally nor arguably relevant for real proteins.
Common Structure Networks. Here we present our exploration of the statistical properties of the common structure networks. Fig.  S3 explores the distribution of network sizes as measured by the number of sequences with CFP >0.5. It is not clear at this point whether the difference in the N = 18 distribution signals a higher tolerance to substitutions for longer sequences (hence a larger number of robust folders in a network) or simply our failure to find small networks with the simulated annealing search.
The property of the network most relevant to evolution is the network diameter d. Fig. S4 shows that the logarithm of the total number of sequences in a network grows linearly (roughly as 2d) with the network diameter defined as the maximum pairwise Hamming distance between members. One possible explanation for such an exponential behavior is that every member in the network has roughly the same number of neighbors. It is not the case, however. Fig. S5 shows that the mean number of neighbors declines away from the networks central sequence (the one with the highest CFP). Thus the network becomes less densely populated away from the center. Folding robustness declines away from the central sequence as well. This shows up clearly (Fig. S6) as the negative correlation between the number of neighbors and the CFP of a sequence. Thus, robust folders tolerate more substitutions. The network diameter or equivalently the number of sequences in a network are good predictors of the network averaged ER. Fig. S7 shows a linear correlation between the mean ER and the logarithm of the network diameter. Larger networks tend to have smaller CFP differences between neighbors, resulting in faster evolution.
Misfolding Probability. Our calculation of the total misfolding probability includes the possibility of mistranslation. We adopted the simplest model of mistranslation, in which each substitution occurs with equal per-monomer probability r. To select a reasonable value of r for our model, we determined the value R eq for each sequence such that the misfolding due to mistranslation is equally likely as the misfolding of the correctly translated sequence. A histogram of R eq (Fig. S8) shows that there is a characteristic value of R eq ≈0.015 among the peak CFP sequences from distinct networks with N = 18. At this value of r there is a 78.5% chance of correct translation if errors cannot happen at the end monomers.
Scaling of the Peak log(ER). Whereas the mean and the median of the log(ER) distribution show a roughly linear dependence on N e (see Fig. 5 of the main text), the peak ER scales as the probability 1/(2N e ) of fixation of neutral mutation. This manifests as a linear relationship between the peak log(ER) and the logarithm of the population size shown in Fig. S9 .
Model Dependence of the ER Distribution. Our justification for using a simplified rather than a sophisticated model aimed at representing real proteins is that the statistics of the ER are insensitive to the details of the folding model. Here we present our limited exploration of the model space. We verified that the composition of the pool of misfolded proteins does not qualitativly affect the shape of the ER distribution. Fig. S10 shows the ER distribution for three values of r for which mistransled proteins are small, equal, and dominant parts of the pool of misfolded proteins. We explored the effect of changing the fitness function w(M). Fig.  S11 shows that as long as the fitness w of a sequence is a monotonically decreasing function of the number M of misfolded proteins, the ER distribution is qualitatively unaffected. Fig. S12 is a comparison of the ER distribution for our four-flavor model with two different parameter sets (with and without the longrange repulsion between H and other monomer types) as well as that of a two-flavor HP model. The values of parameters used in Fig. S12 as well as Fig. 1 of the main text are given in Table S1, Table S2, and Table S3 . Because the abundance of robust folders depends on the details of the model, CFP thresholds for robust folder selection are different. These thresholds are selected to achieve roughly similar sample sizes of a few hundred robust folders. Fig. S1 . Histogram of the fraction of folded structures with energies lower than the kinetically selected native structure among 492 robustly folding sequences. The native structures of the 138 sequences in the green bin are consistent with Anfinsens conjecture. In contrast, the native structures of the 122 sequences in the blue bins are almost the highest in energy among all possible folded structures. Fig. S2 . The probability of reaching the native structure as a function of the quench duration. When the native state is also the global energy minimum (as is the case for +H-HP+++H+H+++-, selected from the green bin of Fig. S1 ), longer quenches find the native state more often increasing the CFP. On the other hand, when the kinetically selected native state is the highest in energy (+-P+PHHHH++++P-, selected from a blue bin in Fig. S1 ), longer quenches result in more frequent barrier traversals lowering the CFP. S8 . Histogram of the characteristic per-monomer mistranslation probability R eq for which the contributions to the total misfolding probability of correctly translated and mistranslated sequences are equal. . The line is a linear least-squares fit. 
